Abstract Regional analysis of large wildfire potential given climate change scenarios is crucial to understanding areas most at risk in the future, yet wildfire models are not often developed and tested at this spatial scale. We fit three historical climate suitability models for large wildfires (i.e. ≥ 400 ha) in Colorado and Wyoming using topography and decadal climate averages corresponding to wildfire occurrence at the same temporal scale. The historical models classified points of known large wildfire occurrence with high accuracies. Using a novel approach in wildfire modeling, we applied the historical models to independent climate and wildfire datasets, and the resulting sensitivities were 0.75, 0.81, and 0.83 for Maxent, Generalized Linear, and Multivariate Adaptive Regression Splines, respectively. We projected the historic models into future climate space using data from 15 global circulation models and two representative concentration pathway scenarios. Maps from these geospatial analyses can be used to evaluate the changing spatial distribution of climate suitability of large wildfires in these states. April relative humidity was the most important covariate in all models, providing insight to the climate space of large wildfires in this region. These methods incorporate monthly and seasonal climate averages at a spatial resolution relevant to land management Climatic Change (2016) 134:565-577 
Introduction
Wildfires play an important role as a natural disturbance in some ecosystems of the Western United States (hereafter the West). These abiotic ecological processes maintain species diversity and landscape heterogeneity. The West has experienced an increasing trend in large wildfire frequency during the last 30 years (Westerling et al. 2006; Dennison et al. 2014) . Concurrently, increases in natural area use and area distinguished as wildland-urban interface (Theobald and Romme 2007) are altering burned area extent and cost of suppression for wildfires. Annual wildland fire suppression costs for the years 2004-2014 increased by approximately 1.9 times the costs for the previous decade in the USA and equaled more than the combined total cost for the previous 18 years; the trend in total hectares burned follows a similar pattern (Appendix 1). Understanding the drivers and potential distribution of large wildfire risk in the future is imperative to ecosystem management and human development.
The recent reconstructed history of wildfire regimes in the West follows trends in climate and humanity. During the BMedieval Warm Period^between ca. 900 to 1300 the West experienced frequent wildfires (Cook et al. 2015) . A decline in wildfire frequency in the late 16th century corresponded to declining temperatures of the BLittle Ice Age^ (Trouet et al. 2010 ). In the late 19th century European settlement brought extensive land clearing and altered existing wildfire regimes. The Clarke-McNary Act in 1924 created a national fire exclusion policy (Stephens 2005) and annual area burned decreased through the 1960s (Brown et al. 2004) . Westerling et al. (2006) reported the large wildfire season length in the West increased by 78 days for the period 1987-2003 compared to 1970-1986 . Trends in increasing large wildfire occurrence in the West from 1984 to 2011 correspond to trends in increasing drought severity (Dennison et al. 2014) ; during the same period, ignition cause, fire size, and burn severity were primarily a function of climate in north-western North America (Whitman et al. 2015) . Importantly, the climate can mute or amplify anthropogenic effects (Swetnam and Betancourt 2010) , and these two factors may be coupled (e.g. alterations in fuel load quantity can increase forest sensitivity to climate variability; Westerling et al. 2006 , large wildfire ignition and severity are affected by the human footprint and these relationships can be amplified around the climate space of fire; Whitman et al. 2015) .
Efforts are underway to project the likely effects of ongoing climate change on wildfire regimes. In one analysis, the relative probability for very large wildfires (i.e. > 20,234 ha) increases by at least 30 % for the West across 14 different global circulation models (GCMs; Stavros et al. 2014) . Liu et al. (2010) projected that fire potential will increase overall from low to moderate in the United States for the period 2070-2100. Methods such as generalized linear models (GLM; e.g. Barbero et al. 2015) , multivariate adaptive regression splines (MARS; e.g. Boulanger et al. 2014) and Maxent (e.g. (Parisien and Moritz 2009) , have been used to examine relationships between wildfire occurrence and environmental covariates. Additional tools, however, are needed to evaluate areas most at risk for large wildfires given future potential climate change at temporal and spatial scales relevant to environmental management.
In this study, we evaluated the applicability of GLM, MARS, and Maxent to analyzing the climate space of large wildfires in Colorado and Wyoming, USA. Our primary hypothesis was that large wildfire (i.e. ≥ 400 ha) occurrence in these states can be projected using decadal climate averages in combination with topography at a finer spatial resolution (i.e. 1 km) than previous studies. To test this hypothesis, we used a spatially and temporally independent dataset of large wildfire occurrence, an approach that has not been documented in the scientific literature to our knowledge. Our objectives were to better understand the climate space of large wildfires within these states and to project this space into potential future climates.
Methods

Study area
Our study area encompassed the states Colorado and Wyoming, USA, an area~520,000 km 2 between 35°N to 45°N and 100°W to 115°W with an elevation range from~945 to~4400 m (Appendix 2). The states are bisected by the Rocky Mountains running in a roughly north to south direction along the continental divide. Thus, air masses from the Pacific Ocean are largely blocked from moving across the states, resulting in considerably more winter moisture on the western slopes. East of the Rocky Mountains, most precipitation comes in spring and summer. The variation in topography has an effect on regional climate, making it difficult to divide these states into homogeneous climatological areas (Lukas et al. 2014 ).
Wildfire occurrence data
Using ArcGIS v.10.2 (ESRI; Redlands, CA, USA), we created two polygons of large wildfire boundaries (i.e. ≥ 400 ha) for the 1990s decade (years 1991-2000) and the 2000s decade (years 2001-2010) within the study area (n = 149 and 240, respectively). These polygons were created by merging burned area boundaries acquired from the Monitoring Trends in Burn Severity project (MTBS; Eidenshink et al. 2007 ). We selected only fires categorized as wildfire, wildland fire use, or unknown on public or private lands, excluding prescribed fires. In ArcGIS random points were generated within these polygons ≥1 km apart, and the Optimized Hot Spot Analysis system tool was used to analyze and remove spatially autocorrelated points (which violate the assumption of independence assumed by correlative models) with a statistical confidence level of 0.95. This process resulted in 647 points for the 1990s and 951 points for the 2000s. We developed a kernel density estimator (KDE) in ArcGIS to mimic sampling bias and create a probability surface for model background point selection. Rather than using a presence-absence approach, we selected a presence-background (i.e. presence and pseudo-absence) approach (Moritz et al. 2012) . Using the MDSBuilder module in the Software for Assisted Habitat Modeling (SAHM; (Morisette et al. 2013) , 10,000 random background points were generated within the KDE.
Predictor variables
Using ClimateWNA v.5.10 (Wang et al. 2012) (Knutti et al. 2013 ). The RCP 4.5 was chosen to represent a moderate radiative forcing level (i.e. leading to 4.5 W/m 2 greenhouse gas levels or~650 ppm CO 2 eq. by year 2100) while RCP 8.5 was selected as a high radiative forcing level (i.e. 8.5 W/m 2 or~1370 ppm CO 2 eq. by year 2100), respectively (van Vuuren et al. 2011 ). We created a unique raster layer for each climate covariate in ArcGIS. Using the DEM, we derived 12 unique topographic raster layers in ArcGIS using the Geomorphology and Gradient Metrics toolbox (Evans et al. 2014 ; Appendix 4). We included these topographic indices as proxies for wind movement, wind speed, and surface water across the study area.
Modeling framework
We used SAHM, a set of modules within the VisTrails software (Freire and Silva 2012) , to fit three modeling algorithms for the 1990s: 1) Generalized Linear Model (GLM), 2) Multivariate Adaptive Regression Splines (MARS), and 3) Maxent. The GLM is a commonly used regression approach (McCullagh and Nelder 1989) ; to optimize this model we included squared and interaction terms, and used stepwise Akaike's information criterion (AIC) to select the best combination of predictors. The MARS is a non-parametric regression technique (Friedman 1991) ; to optimize the MARS model, we tested various levels of penalty (i.e. 1-3). Maxent (Phillips et al. 2006) , is a machine-learning, non-parametric method; to optimize Maxent model settings, we used the ENMeval package in R v.3.1.2 to test regularization multiplier values (i.e. 1-4; Appendix 5; R Development Core Team 2015 and Muscarella et al., 2014 ).
Prior to model fitting, the CovariateCorrelationAndModelSelection module in SAHM was employed to evaluate cross-correlation among all variables and address the issue of multicollinearity (Dormann et al. 2013 ). When two variables had a Pearson, Spearman, or Kendall correlation coefficient, |r| ≥ 0.70, only one of the pair was selected for model development, based on percent deviances explained from a univariate generalized additive model (GAM) and ecological knowledge of its potential influence on wildfire occurrence. As a result of this filtering, we retained 10 variables: April relative humidity, June relative humidity, August relative humidity, August precipitation, spring (i.e. March through May) precipitation, mean summer (i.e. May through September) precipitation, March climatic moisture deficit, Winter (i.e. Dec.-Mar) climatic moisture deficit, June solar radiation, and topographic roughness (Appendix 3). Using this subset of variables, we trained each model using a 10-fold cross-validation split for testing model sensitivity to training data points. Each model was then tested with an independent dataset using large wildfire occurrence, climate data for the 2000s decade, and topographic roughness. Finally, the three models were projected into future climate space for the 2020s and 2050s using climate data from the 15 GCMs and two RCPs (i.e. 180 future projections). Topographic roughness was the only covariate held constant in all models.
To evaluate GLM, MARS, and Maxent, we used the area under the receiver operating characteristic curve (AUC), percent correctly classified (PCC), sensitivity, specificity, and true skill statistic (TSS). The AUC is threshold-independent and evaluates ability of a model to discriminate presence from background. An AUC value of 0.5 or less indicates model predictions are not better or worse than random; values between 0.5 and 0.70 indicate poor performance; and values increasing from 0.70 to 1.0 indicate progressively higher performance (Anderson et al. 2003) . The other metrics were threshold dependent, and we used a threshold to discretize model output that maximizes the sum of sensitivity and specificity divided by 2 (Freeman and Moisen 2008; Liu et al. 2013) . PCC measures the percent of true presence and background (absence) locations predicted correctly; sensitivity measures the percentage of observed presences classified as suitable and specificity measures the percentage of background locations classified as unsuitable. The TSS (sensitivity + specificity -1) places more weight on model sensitivity than specificity, with values ranging between −1 and 1 where values >0 indicate better model performance than chance (Allouche et al. 2006) .
We also compared response curves for each predictor retained by the models using ggplot2 and gridExtra packages in R (R Development Core Team 2015). These partial dependence plots show the relationship between each predictor included in the model and the fitted values, while holding all other predictors constant at their means. Additionally, we evaluated relative variable importance, or the change in AUC resulting from random permutation of values for each predictor between the presence and background locations using SAHM output.
We used a fuzzy numerical comparison to analyze the geographical differences in GLM, MARS, and Maxent relative probability raster outputs for the independent test dataset (i.e. 2000s decade). This comparison applies the following formula at each grid cell of two continuous raster surfaces (a, b):
and results in a fuzzy numerical value between 0 (fully distinct) and 1 (fully identical) for each respective cell (Visser and De Nijs 2006) . These values were averaged across the study area to determine model similarities.
Finally, we developed five ensembles of GLM, MARS, and Maxent relative probability raster outputs (i.e. 2000s decade, 2020s and 2050s under RCP 4.5, and 2020s and 2050s under RCP 8.5 ) to create relative climate suitability maps of large wildfires in the study area. To create these ensemble maps, we first weighted each relative probability raster (i.e. three rasters for the 2000s decade and 180 rasters for the future projections) by its respective model AUC value and then averaged these results between the three models. These consensus projections can reduce bias associated with individual model estimates (Marmion et al. 2009 ).
Results
The three historical models (i.e. 1990s) had test AUC values greater than 0.91 (AUC cv ; Table 1 ).
When applied to an independent dataset (i.e. 2000s decade climate and wildfire occurrence), MARS and Maxent outperformed the GLM overall, with AUC TEST values of 0.84 and 0.89, respectively, compared to 0.74, and similar differences in specificity TEST and TSS TEST values (Table 1) . The GLM had comparable sensitivity TEST values to MARS and Maxent (Table 1) .
Model response curves for April relative humidity indicated an increasing relative probability for large wildfire occurrence with increasing April relative humidity values; conversely, the response curves for August relative humidity indicated an increasing relative probability for large wildfire occurrence with decreasing August relative humidity values (Fig 1) .
For all three historical models, April relative humidity had the greatest relative contribution compared to the other variables (Table 2) .
For GLM the contribution of August relative humidity and June relative humidity was considerably higher than the other models, and August precipitation, mean summer precipitation, spring precipitation, and winter climatic moisture deficit were not retained. For MARS, August precipitation was considerably more important than in Maxent, and March climatic moisture deficit, August relative humidity, and June solar radiation also had high permutation importance while spring precipitation and winter climatic moisture deficit were not retained. Maxent does not include an internal predictor selection function; along with April relative humidity, March climatic moisture deficit, August relative humidity, spring precipitation and mean summer precipitation were the only variables with permutation importance ≥0.10.
The fuzzy numerical analysis yielded averages ≥0.50 for all pairs of 2000s models (Appendix 6). The GLM and MARS models were most similar, with a fuzzy numerical average of 0.74.
Five ensemble maps depict the changes in relative climate suitability of large wildfires through time in the study area based on weighted ensemble model results (Fig 2 a-e. ).
Discussion
Our results indicate the spatial distribution of climate suitability for large wildfires in Colorado and Wyoming may change in the near future based on ensembles of three robust geospatial models fit with climate projections from 15 GCMs under two RCPs. Perhaps more importantly, the accuracies of GLM, MARS, and Maxent historical models when tested with independent climate and wildfire datasets indicate decadal monthly and seasonal climate averages combined with topography can capture the climate space of large wildfires at the same temporal scale in the study area.
These results also provide new evidence for the climate space of large wildfires in Colorado and Wyoming. The response curves for April relative humidity indicated an increasing relative suitability for large wildfire occurrence with increasing April relative humidity; conversely, the response curves for August relative humidity indicated an increasing relative suitability for large wildfire occurrence with decreasing August relative humidity (Fig 1) . In another study, yearly averages of spring temperature, summer precipitation, autumn precipitation, previous (Litschert et al. 2012) . Importantly, westerly winds from the Pacific Ocean are dominant in these states, yielding greater precipitation and higher potential vegetation productivity on the western slopes particularly in the springtime. From a modeling perspective, the decadal April relative humidity average in our models may serve as a proxy for fuel load, as areas with higher spring relative humidity likely experience greater net primary productivity. We expected August relative humidity to be correlated with large wildfire occurrence in the study area because more large wildfires occurred in August than every other month analyzed except July in the 2000s decade (Appendix 7). Across GCMs and RCPs, the study area is projected to experience increases in annual temperatures by the mid-21st century, with summer temperatures increasing more from the 1971-2000 baseline than winter temperatures (Lukas et al. 2014 ). However, the percent change in precipitation is more uncertain, ranging from a 5 % decrease to a 6 % increase (Lukas et al. 2014 ). These differences provide justification for our consensus projections. Response curves for mean summer precipitation and August precipitation warrant further investigation; the MARS response is inverted for both of these variables compared to Maxent (Fig 1) . August precipitation was the second most important variable in MARS; however, interactions that were likely captured by the Maxent model between it and spring precipitation or winter climatic moisture deficit are missing because MARS did not retain these variables (Table 2) . The fuzzy numerical analysis increased our confidence in combining the GLM, MARS, and Maxent outputs in an ensemble; all relative probability maps for the 2000s had at least 0.50 similarities (Appendix 6). The Maxent model was more conservative in its projection; this makes sense because there were more constraints on the model (i.e. six, eight, and ten covariates were retained by the GLM, MARS, and Maxent models, respectively). Furthermore, Maxent transforms the covariates into feature types (i.e. we used linear, quadratic, hinge, and product; Appendix 5) which imposes additional constraints on probability distribution (e.g. the expected value of each feature should match its empirical average; Phillips et al. 2006) . The ensemble models show much agreement for the 2020s and 2050s (Fig 2) . This is consistent with CMIP5 projections; RCP 4.5 and RCP 8.5 do not significantly diverge until after the year 2050 (van Vuuren et al. 2011 ). Similar to Westerling et al. (2011) and Barbero et al. (2015) , our models indicate the relative climate suitability for large wildfires increases most dramatically in northern Wyoming. Much of this region is encompassed by the semi-arid prairie (Omernik 1987) , and future drought risk in some of this area is expected to exceed the Medieval megadrought (Cook et al. 2015) . Our future models also indicate the relative climate suitability for large wildfires increases for northeastern Colorado and decreases for southwestern Colorado. The majority of CMIP5 ensemble projections under RCP 4.5 and 8.5 indicated increases in winter, spring, and fall precipitation and decreases in summer precipitation by mid 21st-century relative to the 1971-2000 baseline when averaged across Colorado (Lukas et al. 2014; IPCC 2013) . Our future climate suitability models for large wildfires are potentially capturing these trends; east of the continental divide most precipitation falls in the spring and summer and west of the continental divide most precipitation falls in winter. Barbero et al. (2015) modeled the relative change in very large wildfire weeks for the United States based on 17 GCMs at a 60 km 2 spatial resolution; similar to our models, significant regional differences were projected in western Colorado.
The downscaled climate data (i.e. 1 km 2 ) that incorporates changes in topography used to fit our models have greater potential for capturing regional climates than coarse scale climate data (Franklin et al. 2013; West et al. 2015) . Nonetheless, we acknowledge the domain of applicability; interpolation is dependent on the data used in model training; therefore, the influence of climate on wildfire varies across spatial and temporal scales. After analyzing large wildfires in Oregon and Washington, USA, Wing and Long (2015) did not find a significant correlation between monthly climate and fire occurrence or size at 4 km 2 spatial resolution; however, they discovered evidence of correlation with fire severity. Dennison et al. (2014) used primarily seasonal climate variables during year of fire to analyze trends in the West from 1984 to 2001 at 4 km 2 spatial resolution and found ecoregions with the largest increases in fire activity trended toward hotter, dryer conditions. Westerling et al. (2006) concluded that in mid-elevation ecosystems in the Northern Rockies, historical wildfires were strongly associated with increased spring and summer temperatures and an earlier spring snowmelt at a~12 km 2 spatial resolution. Areas in the ensemble maps with moderate to high climatic suitability for large wildfires will not necessarily burn. This study does not resolve the degree to which observed climate and future potential climate contribute to large wildfire occurrence relative to anthropogenic disturbance or management, decadal atmospheric cycles, lightning and other ignition sources, and fuel availability. However, proxies for some of these factors are included in our models, including topographic roughness and decadal relative humidity and precipitation averages. Topographic roughness is a measure of the variability in physical features on a landscape surface, and is correlated with many abiotic components across ecological scales (e.g. temperature, precipitation, vegetative propagation, and disturbance including wildfire return interval; Stambaugh and Guyette 2008) . Interestingly, Hansen and Sutera (1995) found evidence of topographic forcing in the low-frequency variability of a GCM.
One caveat in modeling future climatic changes concerns the potential for change in the intrinsic covariance structure for future models compared to the observational data the GCMs were trained on (e.g. ground-level albedo effects of less snowpack and more snowmelt; Stavros et al. 2014) . Another potential limitation in our study was temporal mismatch in the climate data; we used decadal averages to train models that were projected into potential climate space averaged over 30 years. We considered adding 1980s wildfire and climate data to the historical model; however, MTBS data are only available 1984 -current. There was also variability between the training decade and the independent testing decade in our models; 1997-1998 marked a very strong El Niño event that was not exceeded during [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] (warm El Niño events are defined as five consecutive overlapping three-month periods at or above the +0.5°C anomaly; National Oceanic and Atmospheric Administration 2015). Previous research has evaluated the broad-scale effects of El Niño -Southern Oscillation (ENSO) and the Pacific Decadal Oscillation (PDO) on fire regimes (Westerling and Swetnam 2003; Schoennagel et al. 2005; Trouet et al. 2010) ; however there is evidence that this association depends on choice of historical reconstruction of PDO (Kipfmueller et al. 2012) . The CMIP5 models use historical forcing and therefore sequences of ENSO events cannot be projected in future periods, however 15-year averages have been validated in models that incorporate ENSO variability (Risbey et al. 2014) . The decadal averages used in our models (particularly relative humidity) can capture at least some of the influence of PDO which operates at a temporal scale of 20-30 years.
Modeling the future potential risk of large wildfires at a regional scale has implications beyond state borders. Forests sequester 20 to 40 % of carbon pools in the USA, and increasing wildfire frequency, extent, and season in the West may transition forests from carbon sinks to carbon sources (Schimel and Braswell 2005) . Furthermore, emissions from wildfires add to the concentration of carbon in the atmosphere and are a source of atmospheric aerosols (Yue et al. 2013) . These effects modify atmospheric circulation, degrade air quality, and feedback to climatic change. In turn, climate feedbacks to fire frequency and extent have the potential to reduce fire rotation and lead to novel vegetation assemblages (Hurteau 2014) . Abrupt changes in vegetation communities will inevitably have cascading ecosystem impacts; one example in the West is the cheatgrass invasion-wildfire feedback (Freeman et al. 2007 ).
Conclusions
In conclusion, we found that these models were robust when tested on independent datasets, making them useful tools for evaluating the current and future potential climate space of large wildfires at a regional scale. The 1km 2 spatial resolution can better inform forest managers considering long-term fuel treatments such as thinning or prescribed fire than maps at a coarser resolution. These models can be further refined using land cover data, as not all areas with moderate to high climatic suitability will experience large wildfires (e.g. areas of impervious surface or managed croplands). Notably, our ensemble maps indicated areas in northern Wyoming and northeastern Colorado will see the largest shifts in climatic suitability for large wildfires in the coming decades. These maps can augment vulnerability and risk assessments, enhancing preparedness for an uncertain future given climatic change.
